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Table 1 Node features of drug molecular graph

FRAE 45 R 4
Type of atoms 44
The degree of atoms 11

Number of hydrogen atoms connected by atoms 11

Implicit Valence of atoms 11
Aromaticity of atoms 1
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Table 2 Node features of target protein residue graph
FRE 2 B i3
Type of residues 21
The degree of atoms 21

Aliphaticity of residues
Aromaticity of residues
Polarity neutrality of residues
Acidic charge of residues

Basic charge of residues

1
1
1
1
1
Residue weight 1
Dissociation constant for the-COOH group 1
Dissociation constant for the-NH, group 1
Dissociation constant for any other group 1
pH at the isoelectric point 1
Hydrophobicity of residue when pH=2 1
1

Hydrophobicity of residue when pH=7
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Table 3 Benchmark dataset information
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Table 4 Model hyperparameter settings
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DTI Graph Connection Threshold in DAVIS 5
DTI Graph Connection Threshold in KIBA 12
batch size 512
epoch 2 000
learning rate 0.000 5
Activation function RELU
Optimizer Adam
dropout 0.2
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Table S Impact of learning rate on DTA prediction

N

22 R MSE CI
0. 000 05 0. 195 0. 897
0.000 10 0. 166 0.905
0. 000 50 0.154 0.912
0. 001 00 0.163 0.910
0. 005 00 0. 801 0. 497
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Table 6 Impact of cross-scale feature fusion

GCN layer number on DTA prediction

GCN Z# MSE CI
1 0. 156 0.909
2 0.154 0.912
3 0. 162 0. 907
4 0. 166 0. 906
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Table 7 Comparative experimental results
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Table 8 Results of ablation experiment

157 MSE cI
MCSF_DTA (w/o target_seqence) 0. 160 0.909
MCSF_DTA (w/o target_graph) 0. 159 0.910
MCSF_DTA (w/o DTI_fusion) 0. 205 0. 898
MCSF_DTA 0. 154 0.912

DAVIS KIBA
LAY

MSE CI MSE CI
SimBoost"?! 0.282 0.872 0.222  0.836
DeepDTA 0.253 0.879 0.187 0.854
GraphDTA!” 0.230 0. 885 0.146  0.885
DeepGLSTM ! 0.232 0. 895 0.133  0.897
MGraphDTA > 0.207 0. 895 0.128  0.902
LSTM-SAGDTA'®"  0.206 0.903 0.125  0.901
HiSIF-DTA ™! 0.191 0. 906 0.121  0.904
SISDTA > 0.169 0.907 0.122  0.902
MCSF_DTA 0.154 0.912 0.119  0.906

SRS HEFR W AR SCHR 9 MCSF_DTA 8 75
PERE AR T T A REAVE R, 5405 B AR 8 R Y
MCSF_DTA (w/o target_seqence ) WAVAH L, MSE %
ik 7 0.006,CI #7551 0.003; 510 % [E bR 8 A T
B i) MCSF_DTA (w/o target_graph ) #5540 [b | MSE
FEAIR T 0.005,CT 275 T 0.002, 4550 KM, iR &
FIE R AR 5y, B 5 22 07 5 RSG5 0 Rk | 25
B 7% JEAS A AL FEAE R 4% 52 1 4 11 109 A 2 R AIE
2 2] T HE TN P R L AN AR SCE B R R
fERL A 52 FF DTL S 4 R 48 RUBE ReAiE 5 43+ R
JERFIEARE G . 5 AE & 7 RBERERY MCSF_
DTA (w/o DTI _ fusion ) #& & AH [, MSE B& ik T
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Multimodal Cross-scale Feature Fusion for Drug-Target Affinity Prediction

ZHENG Hong, LUO Yujian, LING Kan, FAN Guisheng

(School of Information Science and Engineering, East China University of Science and Technology, Shanghai 200237, China)

Abstract; To address the current challenges of relying solely on single-modal features of target proteins and neglec-
ting network-scale features in biological networks, a drug-target affinity prediction (DTA) model based on multimo-
dal cross-scale feature fusion was proposed. Target proteins as both sequences and graphs for feature extraction were
presented, extracting semantic and topological features, respectively, to enhance the target proteins’ feature repre-
sentation. The strong affinity relationships between drugs and target proteins were analyzed to construct a heteroge-
neous graph network of drug-target interaction. A cross-scale feature fusion method was then used to effectively in-
tegrate the scale features of the heterogeneous graph network, enriching the feature representations of both target
proteins and drug molecules. Experimental results on the DAVIS and KIBA datasets demonstrated that, compared
to the more advanced model, the proposed model achieved reductions in MSE by 0. 015 and 0. 003, respectively,
and increases in CI by 0. 005 and 0. 004, respectively, improving the accuracy and stability of affinity prediction.
It demonstrated the effectiveness of multimodal and cross-scale feature fusion in DTA prediction tasks.

Keywords: graph neural network; drug-target affinity prediction; feature learning; cross-scale feature fusion; drug

development
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